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Lung cancer is the second most commonly diagnosed cancer in the United States, and the lung is a frequent site of metastasis from other cancers that manifest as pulmonary nodules. Chest computed tomography (CT) is the most sensitive diagnostic imaging modality for the detection of lung cancer and the resolution of any equivocal abnormalities detected on chest radiographs (1, 2) . With spiral CT and, more recently, multi-detector row CT techniques, the sensitivity for detection of pulmonary nodules has improved further (3, 4) . Recently, CT techniques have been applied to screening for lung cancer in high-risk populations and have been shown to be promising for detection of early lung cancers (5) . Thin-section threedimensional (3D) CT of the thorax may allow us to evaluate small nodules at early stages. With sequential follow-up CT scans, early changes in nodule size and number can be assessed (6, 7) .
A thin-section CT scan of the whole thorax generates a large data set, typically 250 -350 images of 1-mm section thickness, and requires radiologists to spend a considerable amount of time interpreting the images. As a means to reduce radiologists' workload, computeraided detection (CAD) systems may be used. The CAD systems can also help improve a radiologist's performance in the detection of pulmonary nodules (8) .
Various CAD systems for pulmonary nodule detection at CT have been proposed since the report of a system by Bae et al (9) more than a decade ago. The nodule detection algorithms of earlier CAD systems (7,10 -15) were based on two-dimensional (2D) morphologic features on each section, serial 2D methods used to examine connectivity of the features on adjacent sections, and/or limited 3D structural information.
More recent CAD systems for the detection of nodules (16, 17) have been reported to use 3D algorithms that take advantage of thin-section volumetric CT data. We postulate that an efficient CAD algorithm can be developed by combining both 3D and 2D morphologic operations in the segmentation, detection, and classification of pulmonary nodules. Thus, the objective of this study was to develop and test a CAD program based on combined 3D and 2D morphologic operation algorithms that would allow us to detect pulmonary nodules, with full automation and high efficiency, based on CT volumetric data acquired from multi-detector row CT.
Materials and Methods
Institutional review board approval was obtained. Informed patient consent was not required for our retrospective study, which involved only review of previously obtained image data. Patient confidentiality was protected; our study was compliant with the Health Insurance Portability and Accountability Act.
Patients and CT Image Data
Our database consisted of diagnostic thoracic CT scans from 20 consecutive patients with pulmonary nodules (13 men, seven women; age range, 40 -75 years; mean age, 57 years) who were referred to undergo thin-section CT scanning for the evaluation of pulmonary nodules (Fig 1) . In retrospectively selecting the study patients, we did not target any specific diagnosis or pathologic condition that was manifested by pulmonary nodules. The nodules could be associated with metastasis, primary lung cancer, or granulomas. Both calcified and noncalcified nodules were included. No cavitary, ground-glass, or subsolid nodules were present in our patient population. CT studies with substantial parenchymal or pleural diseases such as consolidation, fibrosis, and pleural effusion were excluded from our study population.
The CT images were acquired with a multi-detector row CT scanner (Plus 4 Volume Zoom scanner; Siemens Medical Systems, Erlangen, Germany) by using scan parameters of 120 kVp, 120 effective mAs, 0.5-second scanning, 4 ϫ 1-mm collimation, a standard thin-section lung image-reconstruction kernel, 1-mm section thickness, and 1-mm reconstruction interval. Each image had a matrix size of 512 ϫ 512 pixels with the in-plane resolutions ranging from 0.55 to 0.70 mm. Twenty scan sets in the database comprise a total of 5294 images, with the number of images per set ranging from 201 to 341, with a mean of 265 images per set.
CAD Program
Overview and organization of the CAD program.-The lung nodule detection algorithm is composed of a combination of 2D and 3D operations. The 3D operations are more general and powerful, but in some image processing steps, the 2D operations are preferred because they are more efficient and easier to implement. This combined 2D and 3D approach may be used by radiologists when the CT images are reviewed for the detection of lung nodules. Isolated nodules, which are nodules that are dissimilar to adjacent blood vessels and have good tissue contrast from the surrounding much-lower-attenuation pulmonary parenchyma, can be identified easily on individual 2D sections without the need for comparison of adjacent sections. However, juxtavascular nodules-nodules that are closely associated with or attached to adjacent blood vessels-may not be detected easily because some blood vessels perpendicular to the imaging plane may appear as nodules on 2D sections. Comparison with adjacent sections-that is, 3D operation-is essential for the detection of these lung nodules. Juxtapleural nodules, which are pulmonary nodules attached to the pleural surface, may be detected easily on 2D sec- tions by means of human perception, but an additional operation is required in CAD to separate them from the pleural boundary. Our CAD algorithm was designed and organized to process different types of nodules by applying sets of 2D and 3D operations unique to each nodule type (Fig 2) . After the CAD algorithm was developed with designated image processing parameters, parameter and threshold values required by the program were estimated heuristically by considering 3D spherical features of the nodules and other 2D geometric constraints, as described in previous studies (7, 9, 10, 13, 18) . We also adjusted various parameter values empirically after comparing the nodule detection results by means of both a prototype CAD program and radiologist review of more than 15 previously accrued training sets of multi-detector row CT images with pulmonary nodules. After the implementation was complete, the CAD program could read a CT data set and automatically detect pulmonary nodules on the images.
Thorax and lung region segmentation.-The nodule detection system begins by automatically segmenting the thorax and lung region from the CT images. The thorax can be delineated easily from background air because of its high tissue-air contrast. For the same reason, the lung can be distinctly separated from surrounding soft tissues or bone. Gray-level thresholding methods have commonly been used to create binary images and then detect the boundary of the thorax and lung regions (7, 10, 13, 18) . The threshold can be determined from a fixed attenuation value, an analysis of the image attenuation profile, or an analysis of a histogram of a 2D or 3D region. Our segmentation for the thorax and lung region was also based on a thresholding method in each section. The threshold was determined by analyzing the 2D region histogram, which showed distinct groups of pixels belonging to the thorax and background air. The thoracic region was segmented from the thresholded binary image. Background pixels representing air outside the thorax were clipped, and the morphologic operations of erosion and dilation were applied to eliminate scattered background. Then, a new gray-level histogram was acquired from the pixels in the entire thoracic region, and the threshold value for lung segmentation was estimated to maximize the separation between two major peaks on the histogram. The boundary detection processes were repeated in the segmented thorax region to segment the lung region.
Lung boundary revision.-The lung boundary detected with the gray-level thresholding technique often does not include juxtapleural nodules because these nodules are contiguous with the body wall and are thus segmented as a part of the body wall instead of the lung region. In addition, central pulmonary vessels with any attached juxtavascular nodules may be excluded from the segmented lung region. A morphologic operation (13, 19) was performed to correct such segmentation "errors" in the lung boundary. Circular "closing" filters of variable diameters were applied iteratively to the segmented lung region to capture the juxtapleural nodules and to include central pulmonary vessels. The closing filter consists of a dilation followed by erosion morphologic operations and is used to fill in holes and small gaps (20) . The lung region segmentation process, including lung boundary revision, is illustrated in Figure 3 . The final segmented lung region contains three types (isolated, juxtapleural, and juxtavascular) of lung nodules, blood vessels, pulmonary parenchyma, airway, and some mediastinal structures.
3D Volume data generation and grouping.-The 2D segmented lung regions were stacked to generate a 3D lung volume data set, and a region-growing technique (19) with 18-connectivity was applied to the voxels to group contiguous structures in three dimensions. In preliminary examples we evaluated qualitatively, 18-connectivity provided image quality better than lower (6-) connectivity but with no substantial difference from 26-connectivity. The volume of each group was computed by counting the number of connected pixels and converting its dimension to cubic millimeters. Grouping and labeling processes were applied to the connected soft-tissue structures (nodule candidates and vessels) in the segmented lung regions to generate a 3D data set (Fig 4a) . In each lung, the largest connected structure corresponded to the pulmonary vessel tree. The nodules attached to the vessels-that is, juxtavascular nodules-were also included in this vessel group (Fig 4b) . The remaining soft-tissue structures were labeled and stored as the nonvessel group, which contained isolated and juxtapleural nodules.
Detection of isolated and juxtapleural nodules.-Isolated and juxtapleural nodule candidates were first detected from the nonvessel group by excluding nonnodule soft-tissue structures that did not satisfy predetermined nodule size and geometric and shape constraints. The upper size limit of a nodule is defined as 3 cm in diameter (21) , and thus, a structure with a volume of greater than 14.14 cm 3 ( 4 ⁄3 [1.5] 3 ) was considered a nonnodule. Similarly, a structure less than 3 mm in diameter or 14.14 mm 3 in volume also was considered a nonnodule and likely to be background noise.
Nodules are typically compact and spherical. The compactness of each nodule candidate was computed as the ratio of its volume to the volume of the smallest 3D box that encloses the candidate structure. A candidate was considered to be a nonnodule if its compactness value was less than 0.5 or greater than 1.5. An elongation factor was computed for each candidate in both 2D and 3D. The 2D elongation factor corresponded to the distance ratio of the major axis to the minor axis of a rectangle or ellipse enclosing the candidate. The 3D elongation factor was computed by using the ratio of the maximum to the minimum eigenvalues that were calculated from the voxel coordinates of the candidate structure. The elongation factor becomes close to 1 for a relatively round or spherical structure. In the current version of our implementation, a candidate with an elongation factor of greater than three was considered to be a nonnodule. The remaining nodule candidates that were not excluded according to size, compactness, and elongation criteria from the nonvessel group were subsequently classified as nodules.
Detection of juxtavascular nodules.-Juxtavascular nodules are distinguished morphologically from the vessels because they are typically spherical in shape, Segmented 3D volumetric data (a) before and (b) after removing the nonvessel group. Image a was obtained by applying region growing and labeling to a stack of 2D segmented lung images (one of which is shown in Fig 3f) . Image a contains three types of lung nodules (isolated, juxtapleural, and juxtavascular), blood vessels, and noise voxels. The 3D data set in b-that is, the vessel group, including juxtavascular nodules-represents a subset of the 3D data in a, after the structures not connected to the pulmonary vessels were removed.
Volume 236 ⅐ Number 1 Automated Detection of Pulmonary Nodules ⅐ 289 while the vessels are elongated. Detection of juxtavascular nodules, however, is more difficult than that of isolated or juxtapleural nodules because juxtavascular nodules are attached to the pulmonary vessels. Shape and geometric features of juxtavascular nodules cannot be characterized independently from the vessels without disassociating them from the attached vessels. Direct application of shape criteria, such as compactness or elongation factor, is ineffective for the identification of nodule candidates. We used a 3D multilevel morphologic matching method to identify and extract juxtavascular nodule candidates from the vessel group. The 3D morphologic filters were configured. These filters were spherical in shape, and four different sizes of the filters (3, 6, 9, and 12 mm in diameter) were used to identify nodule candidates ranging from 3 to 30 mm. Although the 3-mm filter was the most sensitive among the filters, and it detected many nodule candidates larger than 3 mm, use of the other filters was essential to identify nodule candidates that were subject to high variability in pulmonary vessel thickness in different lung regions. Each filter was particularly sensitive in the detection of nodule candidates whose diameters were close to that of the corresponding filter. Increasing the number of filters improved the sensitivity of nodule candidate detection but increased computation time and the number of false-positive candidates detected.
The morphologic filters were convolved with the 3D data of the vessel group to compute correlation (19, 22) . The correlation between 3D data and morphologic filter can be expressed in terms of the fast Fourier transform method (23) . After the correlation was computed, juxtavascular nodule candidates were selected by performing thresholding of the correlation values. The threshold value was determined empirically at 70%. The use of lower threshold values, as with the use of an increasing number of morphologic filters, increased the sensitivity of detecting nodule candidates but at the price of increasing computation time and the number of falsepositive candidates. After the multilevel matching process, 3D region growing and labeling were applied to the nodule candidates. The 3D shape and geometric features were computed for each candidate. Candidates classified as nonnodules were eliminated by means of the rulebased scheme, as described in the previous section, and the remaining candidates were flagged as nodules.
Image Interpretation
The CT images were initially reviewed on a clinical workstation by one thoracic radiologist (J.H.K.), who has 14 years of experience in interpreting chest CT images. The number, size, and location of nodules were recorded without the use of the CAD program. Three to 4 weeks after this initial reading, two radiologists ( J.H.K., K.T.B.), who have 14 and 12 years of experience in interpreting chest CT images, respectively, established the reference standard by means of consensus. The 3-4 week interval between the readings of any given image was implemented to reduce the possibility of the memory of the first reading affecting the second reading. The cases were presented in a different order from that in the first reading. Each reviewer first searched freely through the CT images that included the findings of pulmonary nodules detected by the CAD program and performed the detection and documentation of pulmonary nodules. Then, the reviewers assessed together each detected finding on the CT images and arrived at a final decision by means of consensus if the finding was a true nodule or a falsepositive finding.
The number, size, and location of nodules were documented. The size of the nodules was measured by using the electronic caliper in the image display software. A total of 164 consensus nodules were identified. Eighteen of 20 patients had 1-13 pulmonary nodules (mean, 4.7 nodules) on CT images, and the other two patients had 25 and 54 nodules. Of the 164 nodules, 27 were 10 mm and larger, 80 were 5 mm to less than 10 mm, and 57 were 3 mm to less than 5 mm. The largest nodule was 27 mm. Eight of 164 nodules were calcified. A detailed distribution of the number and size of the pulmonary nodules in each patient is shown in Figure 1 .
Data and Statistical Analysis
The number, size, and location of nodules detected by the CAD program alone and by means of the radiologists' consensus reading of images with the CAD system were tabulated ( J.S.K.). The detected nodules were divided into three groups according to diameter (3 mm to less than 5 mm, 5 mm to less than 10 mm, 10 mm and larger) and location (isolated, juxtapleural, juxtavascular). By using the radiologists' consensus reading augmented with CAD as the reference standard, the sensitivity and the number of false-positive findings detected with the CAD system alone were computed for each group and for the sum of the groups. In addition, the initial radiologist's reading was compared with the detection by the CAD program alone and by the reference standard. Statistical analyses were performed with JMP Statistical Software, version 5.1 (SAS; Cary, NC).
Results
The overall sensitivity for nodule detection (Figs 5, 6) with our method was 95.1% (156 of 164 nodules) for all nodules 3 mm and larger (Table) . The sensitivity for detecting nodules according to category was 97.4% (76 of 78 nodules) for isolated nodules, 92.3% (48 of 52 nodules) for juxtapleural nodules, and 94.1% (32 of 34 nodules) for juxtavascular nodules. The sensitivity for detecting nodules according to size was 97.2% (104 of 107 nodules) for nodules 5 mm and larger and 91.2% (52 of 57 nodules) for nodules 3 mm to less than 5 mm. Nodules that were not detected with CAD-that is, false-negative noduleswere either juxtapleural nodules attached obtusely along the pleura (n ϭ 3) or juxtavascular nodules (n ϭ 2) that were incompletely segmented or weakly visible nodules (n ϭ 3) due to low contrast resolution or volume averaging.
The numbers of nodules detected by the CAD program alone and by radiologists for each patient were compared and plotted (Fig 7) . The number of false-positive findings per patient was 6.9 when false nodule structures 3 mm and larger were considered and 4.0 when only the false nodule structures at least 5 mm in diameter were included. False-positive nodules predominantly represent fragmented airway walls or vessels that were segmented into regions and appeared as small nodules. The consensus reading that was augmented by the CAD findings revealed nine small nodules missed in the initial radiologist's reading (Fig 7) . Six of these nine nodules were detected by the CAD system.
Discussion
In this article, we have described a CAD scheme for the automated detection of pulmonary nodules on thin-section multi-detector row CT images of the thorax. The diagnostic accuracy of human observers may be improved with a CAD system, even if the sensitivity and specificity of a CAD system is lower than that of the human observers. This is because the computer-generated false-positive and false-negative results tend to differ from those of the observer. As shown in mammography studies (24 -26) , double reading may increase the sensitivity, and CAD is expected to aid radiologists in the detection of small nodules on thin-section multi-detector row CT images. The final diagnosis will be made by the radiologist, while CAD systems may serve to flag probable nodules when the images are reviewed, so that priorities can be set for interpretation of images. With rapid advances in computers and CT image acquisition technology, CAD techniques will achieve corresponding improvements in diagnostic accuracy and move closer to the clinical arena.
In the past decade, various CAD systems have been proposed for the detection of pulmonary nodules on CT images (7, 10, 11, (13) (14) (15) (16) (17) . The majority of CAD systems were developed and evaluated on single-detector row CT images with 5-10-mm section thickness (7, 10, 11, (13) (14) (15) , while more recent systems were assessed with thin-section single-(17) or multi-detector row CT images (16) . The sensitivity for detecting nodules with reported CAD systems varied from 38% to 100%, and the false-positive detections per case ranged from 1 to 75. The performance of CAD systems appears to be highly associated with the section thickness (or reconstruction interval) and seems to be better on thin-section than on thick-section CT images (27) .
In general, the sensitivity for nodule detection decreased with decreasing nodule size (7, 16, 17) . Brown et al (17) reported 70% sensitivity for the detection of micronodules (1-3 mm) in contrast to 100% sensitivity for nodules larger than 3 mm. The sensitivity of the CAD system used by Ko and Betke (7) decreased from 91% for nodules larger than 3 mm to 86% for all nodules, including those smaller than 3 mm. A similar trend, shown by Qian et al (16) , was that the sensitivity decreased from 87.1% for solid nodules 3 mm and larger to 77.1% for all nodules, including ones smaller than 3 mm. Likewise, in our study, where only the nodules 3 mm and larger were considered, the sensitivity decreased with the size of nodules: from 97.2% for nodules 5 mm and larger to 95.1% for all nodules 3 mm and larger. Furthermore, lowering the size criteria for nodules increases the number of false-positive findings, in addition to decreasing the sensitivity, which results in an overall reduction in CAD performance. It is noteworthy, however, that the performance of radiologists in the detection of micronodules (1-3 mm) was markedly lower than in the detection of larger nodules. Also, the relative contribution of CAD to improving the radiologists' performance for detection of small nodules was substantially higher than that for detection of larger nodules (16, 17) .
The performance of CAD also depends on the anatomic location of pulmonary nodules. The performance breakdown ac- cording to nodule location, however, was rarely reported in previous CAD studies. In our study, we recognize that pulmonary nodules can be divided into three types in terms of their proximity to surrounding anatomic structures: isolated, juxtapleural, and juxtavascular nodules. Detection of isolated nodules is easier than that of the other two types in terms of both human perception and computer detection, because the isolated nodules are surrounded by distinctly lower-attenuation pulmonary parenchyma. In contrast, detection of juxtapleural and juxtavascular nodules is more challenging because these nodules may not be easily differentiated from abutting soft-tissue structures. Each of the three types of nodules requires a unique algorithmic approach for detection. This consideration is critical for implementing a CAD system. A variety of algorithmic approaches has been proposed to develop CAD systems for the detection of pulmonary nodules (7, 10, 11, (13) (14) (15) (16) (17) 27, 28) . In many CAD systems, segmentation of lung regions from the thorax constitutes the first step of image processing. Some researchers (17, 27) partitioned the segmented lung regions further into central and peripheral subregions. Juxtapleural nodules were often excluded from the initial extracted lung regions and would require an additional segmentation step, such as the morphologic operation that we used in our study. Other reported techniques for this segmentation process include the rolling ball algorithm (13) , lung boundary curvature analysis (7, 11) , boundary distance analysis (27) , and template matching (14, 16) . In our study, juxtavascular nodules were dissociated from the vessels by means of a 3D morphologic matching and correlation method. Previously reported approaches for the same application include multiple gray-level thresholding (7, 10, 13) , local histogram analysis (16) , and a morphologic opening operation (17) .
After nodule candidates were identified, nodules were classified from nonnodule structures on the basis of the features of the candidates. Rule-based decision approaches such as ours were used most commonly (7, 10, 13, 14, 16, 27) , while Brown et al (17) used a modelbased, fuzzy logic approach to classify nodules. Rule-base schemes in which the classification process is based on thresholds for features of nodule candidates are widely used because they are more straightforward to implement than other methods, such as those based on statistical methods, neural networks, and fuzzy logic (29) .
In our study and others, threshold values and criteria were usually determined heuristically and empirically from spherical nodule geometric constraints, training sets, or knowledge gained from radiologists. The weakness of rule-based systems is that the rules often lack necessary generality and are limited when multiple features are not independent. Partial volume effects and image noise may reduce the accuracy of hard thresholding. However, other classification schemes, such as a fuzzy segmentation method, would eventually require certain implicit or explicit threshold values for objective or cost functions to make decisions for the classification.
There are multiple limitations to our study. First, the number of cases is small. Although our preliminary CAD results are encouraging, we need more cases to test for generality. We will continue to Figure 7 . Bar graph shows the number of lung nodules detected by the CAD system and a chest radiologist (first reading without CAD and second reading with CAD) in 20 patients. Lung nodule detection by the CAD system was highly accurate and better than the radiologist's first reading without CAD. Note.-Data are number of nodules, unless specified otherwise. * Determined by two radiologists' consensus interpretation of images with the use of a CAD system.
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collect CT cases of nodules of various sizes and shapes for additional training and testing. Alternatively, in the near future, we may be able to access the image database that is being developed by the Lung Image Database Consortium for the development, training, and evaluation of CAD methods (30) . No extensive performance comparison between CAD and radiologists was performed in our study for evaluation of the role of CAD in clinical practice. Second, the reference standard of nodules was defined by means of consensus reading. No histopathologic proof of nodules was obtained. Although interreader variability among radiologists in the definition and detection of nodules is likely substantial, it was not evaluated in this study. Since the nodules detected with CAD were included in the reference standard, the study results could be potentially biased toward making the CAD appear more accurate than it really is. At this point, we were unable to confirm or reject the influence of this potential bias on our study results.
Third, the size criteria of nodules were defined arbitrarily. The upper size limit of a nodule was based on the Fleischner Society's definition of a nodule-that is, a round opacity, at least moderately well marginated and no larger than 30 mm (21). The lower size limit of 3 mm was determined subjectively. Fourth, only CT cases of well-defined nodules were considered in our study. No ground glass opacity or alveolar infiltrative nodules were considered. The detection of these nonsolid nodules would require a modification of current CAD implementation and an introduction of new algorithms and parameters. The CT cases in our study did not contain areas of complex parenchymal disease. When other substantial abnormalities are present in the lung, our nodule detection scheme would need to be augmented with other detection methods to identify these abnormalities. Fifth, some of the cases in our study involved multiple nodules on the images. The multiplicity of nodules per case may introduce a bias in assessing the CAD performance. One approach to account for this problem is to compute and report the mean and standard deviation of the sensitivity and false-positive findings per case instead of the current approach of computing and reporting the sensitivity and false-positive findings for the pooled nodules divided by the number of cases.
In our study, the results of both approaches were similar. We do not believe that a large number of nodules per case would necessarily make the detection task easier for the CAD system than a small number of nodules per case. On the contrary, CAD would be useful in finding additional nodules in patients with a large number of nodules. In this respect, one practical approach to implementing the CAD system for the detection of pulmonary nodules would be to let the CAD system evaluate the thinly reconstructed images and perform a thorough search for nodules after a radiologist has already reviewed thicker sections (fewer images) to look at overall lung disease.
Sixth, the robustness of the rules in our nodule classification system was not evaluated. With the current implementation, no systematic study was performed to assess the relative weights and valid ranges of parameter values on the detection performance of the program. We plan to perform a rigorous feature selection analysis for a larger data set to evaluate the parameter and threshold values of the features that would provide maximum separation between the nodule and nonnodule objects. Furthermore, receiver operating characteristic analysis would be desirable to determine optimal operating points and to evaluate the ability of the classifier in the task of differentiating nodule candidates that correspond to actual nodules from false-positive candidates (13) .
In summary, we developed an automated CAD program that takes advantage of thin-section volumetric data of multi-detector row CT images for the detection of pulmonary nodules. Our program was organized to systematically detect nodules of three different types (isolated, juxtapleural, and juxtavascular) in terms of their locations or adjacent anatomic structures. The results of our preliminary study demonstrated that a CAD system could detect pulmonary nodules, including small ones, with high sensitivity and a relatively low false-positive detection rate. Such a system may assist radiologists in the interpretation of CT images, particularly for lung cancer screening.
